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Introduction
Some countries grow faster than others. Why does this happen? Many empirical studies have focused on this issue by regressing the observed GDP per capita growth rate on a number of explanatory variables (e.g., Kormendi and Meguire, 1985; Grier and Tullock, 1989; Romer, 1990; Barro, 1991; Aghion and Howitt, 1992; Sala-i-Martin, 1997a, b; Hall and Jones, 1999; Durlauf and Quah, 1999; Temple, 1999; Fernandez et al., 2001a, b; Sala-i-Martin et al., 2004) .
However, the number of potential regressors suggested by competing growth theories is large, with the potential problem of over-parameterization (see, for example, Koop and Tole, 2004b) .
For this reason it is not recommended to include all the potential regressors in a model. Previous empirical growth studies have proposed different econometric techniques to address the issue of model uncertainty, that is, the uncertainty regarding which factors explain the growth differences across countries. Typically, researchers have to deal with a large number of empirical growth models, each one consisting of a different combination of explanatory variables. Each of these models has some probability of being the "true" model. Bayesian model averaging (BMA) is a widely accepted technique to overcome the problems associated with the selection of a single model, and has been used in many recent empirical growth studies. This method was popularized in the growth literature by the seminal works of Fernandez et al. (2001a, FLS henceforth) and Sala-i-Martin et al. (2004, SDM henceforth) . Since then, it has been applied in several growth empirical studies (e.g., Ciccone and Jarocinski, 2010; Moral-Benito, 2010 , 2012 Koop et al., 2012; León-González and Montolio, 2012) and other areas of economics (e.g., Koop and Tole, 2004a; Chen et al., 2011) .
Most previous empirical studies using BMA dealt only with the model uncertainty that results from different choices of control variables. However, as noted by Caselli et al. (1996) , the failure to account for country-specific fixed effects and the endogeneity of regressors might 2 render cross-country growth regression estimates inconsistent. These problems might arise from measurement errors, omitted variable bias, and simultaneous effects. However, the econometric techniques to solve these problems need to rely on a choice of instruments and exogeneity restrictions. This adds another layer of difficulty to the model selection problem. To take this into account, Koop et al. (2012; henceforth KLS) and León-González and Montolio (2012;  henceforth LM) extended the BMA approach to consider the additional dimensions of model space.
Many of the empirical growth models mentioned above take into account model uncertainty on the assumption of a linear relationship between growth and its determinants.
However, evidence shows that some of the growth determinants might have an effect on growth non-linearly. For instance, inflation (e.g., Fischer, 1993; Khan and Senhadji, 2001; Bick, 2010; Yilmazkuday, 2011) , government size, the number of years the economy has been open, and initial income per capita (e.g., Crespo-Cuaresma and Doppelhofer, 2007; Yilmazkuday, 2011) might have a non-linear effect on growth.
Therefore, in this study, we consider a non-linear function that allows for a threshold in the impact of inflation on growth. By following the BMA methodology in KLS and LM, we take into account model uncertainty over the set of controlling regressors in a dynamic panel data growth regression. Since we have a large model space in our empirical application, we compute by using the reversible-jump Markov Chain Monte Carlo (RJMCMC) algorithm suggested by KLS.
In this paper, we use an unbalanced panel data set covering 27 Asian developing countries over the period 1980-2009 and consider 14 explanatory variables. In order to eliminate business cycle fluctuations, we take two-year averages, and thus, the actual number of time observations is halved. Since we include fixed effects in the estimation, we do not include time-invariant regressors. Therefore, the number of explanatory variables we use is smaller than that used in other BMA applications in a cross-section context.
The rest of the paper is organized as follows. Section 2 briefly discusses the econometric framework of this study. The data and details of the variables are described in Section 3. Section 4 presents the estimation results of the econometric model and its findings. In Section 5, we 3 compare our results with those from other estimation methods. Finally, in Section 6, we conclude the paper.
Econometric Framework
In our basic model setup, we use a simultaneous equations model (SEM) with dynamics in a panel data framework. This allows us to control for individual fixed effects and simultaneity.
First, we define the main structural equation as follows:
(1) where denotes the cross-sectional dimension (for ), is the time dimension (for ), is the gross domestic product (GDP) per capita growth rate for country at time , denotes an vector of endogenous regressors 1 for country at time , represents a vector of exogenous explanatory variables for country at time (see Table 1 for a description of the variables), indicates the unobserved individual heterogeneity, and is the error term with zero mean and no serial correlation. The sub-index j in denotes the model,
and it implies that the number of exogenous regressors in each model could be different.
Regarding the dimension of h it , we fix it as M for all models, but allow gamma to have zero elements. Thus, in practice, we can have a different number of endogenous regressors in each model.
Fixed-Effect Elimination
In the first phase of the estimation method, we need to eliminate the unobserved country-specific fixed effects. For that purpose, we should apply forward orthogonal deviation (FOD) transformation to the dynamic equation (1). This transformation is preferred to first-differencing transformation because it does not introduce serial correlation in the error term. FOD transformation subtracts the average of all future available observations. Therefore, the formula for transforming a variable, , is given by 1 In our empirical application, we have only one endogenous variable, the initial level of GDP per capita. Thus, is .
By applying this procedure to equation (1), we obtain (3) where (therefore, we lose one observation). This transformation ensures that if ( ) with no serial correlation, then we also have ( ) with no serial correlation. Moreover, as noted by LM, this transformation can also be explained from a Bayesian perspective. The transformation comes from integrating out the fixed individual effects from the posterior density by using a flat prior.
Solving the Endogeneity Problem
Equation (3) 
where is a vector of predetermined instruments and the error terms and are normally distributed with zero mean and mutually uncorrelated across the cross sections and over time. That is, ( ) for either or or both. We assume that the variables and are exogenous; thus,
The predetermined instruments are typically constructed using lags of . Hence, as an instrument for the transformed initial GDP per capita level, , we use the untransformed value ( ). Although we can use further lags as instruments, no clear guidelines exist on the optimal number of instruments. Using Monte Carlo simulation, Roodman (2009) proposed that increases in the instrument count tend to raise the estimate of a parameter. Windmeijer (2005) reports that reducing the instrument count by a certain amount lowers the average bias of the interest parameter, whereas LM (2012) shows that models using nearer lags as instruments have larger posterior probability. For this reason, we use only one instrument in our estimation, . The moment condition associated with this instrument is
The dimensions of parameter matrices ( ) differ over model space. Following KLS, the model space in our empirical application includes all the just-identified and overidentified models verifying the restriction . Further, we assume that the coefficient matrix of the instruments ( ) has full rank. Therefore, the model space consists of models that differ on the following aspects:
is a subset of a larger group of potential exogenous regressors denoted by , which are not allowed to be instruments. Therefore, there is uncertainty over the dimensions of and .
 Set of instruments: Although this technique can consider models with a different set of instruments in principle, in our application, all the models use the same instrument, that is, Therefore, we do not consider uncertainty over the set of instruments.
 Exogeneity restrictions: Although, in principle, some of the covariances between the error terms ( and ) can be restricted to zero, in our setup, we have only one endogenous variable (initial GDP per capita level), which we are certain must be treated as endogenous. Therefore, in our setup there is no uncertainty over exogeneity restrictions.
 Restrictions on coefficients of endogenous or predetermined regressors: Some of the coefficients of might be restricted to zero. In our case, is a scalar parameter. In some models, it will be restricted to zero. A zero value of implies that there is neither conditional convergence nor conditional divergence among countries.
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As shown in KLS, the model space consists of number of models, with taking the form ∑
where denotes the total number of potential regressors in X, the total number of potential instruments, and the combinatorial number. In our empirical analysis, we have only two endogenous regressors including the dependent variable ( ), 1 instrument ( ) and 13 exogenous variables ( ). Thus, the number of models can be calculated 2 as .
Bayesian Model Averaging Approach in Panel Data
A basic strategy for model selection is to choose the most plausible model , specifically, the one with the highest posterior model probability, ( ). Posterior model probability is defined
where represents all the observed data, ( ) is the marginal likelihood of model , and ( ) is the prior probability that model is true; ( ) is the total number of models such that the summation takes place over the whole model space. Thus, equation (8) implies that the posterior probability of model is proportional to the prior model probability times the marginal likelihood of the model. The marginal likelihood of model can be given by
where denotes the unknown parameters of model , ( ) is the prior for parameter under model , and ( ) is the likelihood of that model.
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However, selecting the model with the highest probability ignores the problem of model uncertainty since it disregards the models that also have some positive probability of being true.
BMA solves this problem by calculating the weighted average over all the models such that the weights are proportional to the posterior probabilities of the models.
The inference for can be constructed on the basis of the posterior distribution
Equation (10) shows that the full posterior distribution of is the weighted average of the posterior distribution under each model, where the weights are proportional to the posterior model probabilities, ( ). BMA allows for computing the probability of including a regressor, which is the probability that the regressor has a non-zero coefficient:
where is an explanatory variable and ( ) is an indicator function that takes the value 0 if the coefficient of is restricted to zero under model and 1 otherwise. Furthermore, the posterior mean of can be calculated from the posterior distribution in equation (10) as
From expression (12), we see the posterior mean for as a weighted average of the posterior means under each model.
Implementation of the BMA procedure presents three challenges. First, we need to choose the prior model probabilities ( ) and the prior for parameters ( ). In our empirical study, we assume that all the models exhibit equal prior probabilities, implying that the prior over the model space is uniform: ( ) ( ) ( Table 3 for the list of countries), and we extend the 2010). However, in this paper, the number of countries is comparatively small because we focus only on Asian countries. Therefore, to maximize the number of observations, we use nonoverlapping two-year period averages.
Estimation Results
In order to carry out BMA analysis, we run the RJMCMC algorithm for 300000 iterations after discarding the initial 10000 values. To check the convergence of the algorithm, we calculate the "total visited probability" 3 (TVP), as shown in George and McCulloch (1997) and LM (2012), and obtain a value close to 1 (0.999), which indicates good convergence. Furthermore, we run the model many more times with randomly drawn initial values and obtain almost the same results.
As shown in Table 4 , the exogenous regressors with a posterior probability of inclusion close to 1 are investment ratio, trade openness, secondary school enrollment rate, and population.
The estimated coefficient of the investment ratio is clearly positive, because a 95% credible interval does not include 0 and the posterior probability that the coefficient is positive is close to 1. Although the 95% credible intervals for trade openness and population 4 do contain the value 0, both of them have a substantial posterior probability of being positive (65.4% and 73.8%, respectively). However, the posterior probability that the coefficient of secondary education is positive is only 52.2%, indicating that the sign cannot be clearly established (that is, the probability that the coefficient is positive is almost the same as the probability that it is negative).
Government consumption expenditure has a high posterior probability of inclusion (85.1%), and as Table 4 shows, the probability that government consumption has a negative impact on growth is also 85.1%. Finally, the regressor "inflation above threshold level" (inf_high) has a probability of around 53.6% of having a non-zero impact on growth; the probability of having a negative impact is approximately 53.3%. This indicates a substantial probability that the impact of inflation on growth is negative whenever inflation is beyond the threshold value of 5.43%. On the other hand, since the posterior inclusion probability of inflation below the threshold (inf_low)
is almost 0, we can conclude that any inflation below the threshold value has no impact on growth. These conclusions are consistent with Vinayagathasan (2013) , who analyzed a similar dataset using GMM estimation.
The remaining regressors (growth rate of population, terms of trade, labor force participation rate, primary school enrollment rate, price level of investment goods, and population density) have very small probabilities of inclusion. Thus, they do not seem to explain the economic growth of the Asian developing countries. However, the impact of these variables might be country specific.
In sum, the investment ratio of an economy is positively associated with its growth rate whereas government consumption expenditure is negatively correlated. Evidence also indicates that trade openness stimulates economic growth. Further, substantial evidence shows that inflation hurts economic growth when it is beyond the threshold value of 5.43% but does not have any significant effect on growth below that level.
Recall that we have treated the "initial level of GDP per capita" as an endogenous regressor.
As shown in Table 5 , the posterior probability of including the initial level of GDP per capita is only 17.2%, implying that the probability that its coefficient is 0 is as high as 82.8%. This indicates that countries are conditionally neither converging nor diverging. That is, if the other growth determinants are constant, the initial value of GDP will not be important. To understand this, note that each country has a different resource endowment, but we control for this by including the fixed effects. This could be the reason why we find no conditional convergence or divergence. Although the neoclassical growth model (Solow model; Solow, 1956) proposes conditional convergence, LM (2012) finds that countries are conditionally neither converging nor diverging when using the whole sample with fixed effects.
Comparison with Other Estimation Methods
In the previous section, we considered initial income as a predetermined regressor and controlled for country fixed effects. For a comparative study, let us first carry out a more basic BMA analysis, assuming that all the regressors are exogenous in a pooled regression context, with no 11 fixed effects 5 . The results obtained vary in three different aspects (see Table 6 ). First, the regressors population density and labor force participation rate, which showed a very small probability of inclusion, become significant and positively correlated to growth with a higher posterior inclusion probability (93.2% and 67.2%, respectively). Second, the probability of inclusion of regressors "trade openness" and "government consumption expenditure" decreased from nearly 1 to close to zero. Finally, inflation above the threshold level became insignificant, with a probability of inclusion close to zero. With respect to similarities, the investment ratio and population are positively correlated to growth, with a probability of inclusion close to 1 in both cases.
In addition to the basic BMA analysis, we carry out a comparative study by using estimation methods that allow for endogeneity and/or fixed effects but not model uncertainty, was earlier found significant with our main BMA analysis, secondary school enrollment rate, now became insignificant. Further, the effect of the threshold variable (inflation above the threshold level) on growth is significant and negative in all the three cases (see Table 7 ).
Moreover, as in the main BMA analysis, the GMM estimator also finds that population and trade openness are vital factors to determine the growth rate, whereas the FE and LSDVC estimators do not find so. Fourth, government consumption expenditure is significant and negatively correlated to the growth rate according to the GMM and FE estimators but not according to the LSDVC estimator. Finally, the investment ratio, which was found significant with our main BMA approach, is also found significant with these three approaches.
While the standard BMA analysis did not take into account endogeneity or fixed effects, the three approaches, GMM, FE, and LSDVC, do not consider the issue of model uncertainty.
However, our main BMA analysis considered the issues of model uncertainty, endogeneity, and fixed effects simultaneously.
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Conclusions
The existing empirical studies have used various techniques to account for model uncertainty in growth regressions. Among these techniques, BMA analysis was widely used and is presently the most prominent approach to overcome model uncertainty in the empirical growth literature.
In this paper, we used a recent technique to carry out BMA analysis in the context of a dynamic panel data model with fixed effects. Only a few empirical growth studies have considered these issues in their model setup. Furthermore, our study is novel in that we allow for a threshold level such that inflation has an impact on economic growth and we focus on Asian countries.
Our empirical evidence on the determinants of growth has found three variables, namely, investment ratio, trade openness, and government consumption expenditure, to have a significant impact on growth. We also found that the countries are conditionally neither converging nor diverging because the probability of their coefficient of initial income being zero is as high as 82.8%.
In addition, we found that any inflation above the threshold level of 5.43% has a negative impact on growth with a 53% probability. Although this probability is not as high as for the other determinants of growth, we consider its size to be sufficiently high to warn the policy makers in Asia about the potentially damaging effect of inflation on growth. However, one limitation of this study is that we did not distinguish between expected and unexpected inflation or look into the impact of inflation volatility. We leave this subject matter for future research. 1980, 1985, 1990, 1991, 1995, and 2004 was collected from http://www.tradingeconomics.com/saudi-arabia/school-enrollment-primarypercent-gross-wb-data.html , and the secondary school enrollment ratio for the periods of 1980, 1985, 1990, 1991, and 1995 was collected from http://www.tradingeconomics.com/saudi-arabia/school-enrollment-secondary-percentgross-wb-data.html. Note: The column Probability gives the posterior probability that the coefficient is different from zero. The following two columns give the lower and upper bounds of a 95% credible interval. The column Mean gives the posterior mean of the coefficient. The column Positive gives the posterior probability that the coefficient is positive.
Table 5: BMA Estimation for Coefficient of Endogenous Regressor
Note: The column Probability gives the posterior probability that the coefficient is different from zero. The following two columns give the lower and upper bounds of a 95% credible interval. The column Mean gives the posterior mean of the coefficient. The column Negative gives the posterior probability that the coefficient is negative. Note: Column 1 indicates the posterior inclusion probability of a variable entering the model as an exogenous regressor, column 2 denotes the posterior mean of the coefficient, and column 3 represents the standard deviation of parameters. The number of observations is 345. Note: t-statistics are given within parenthesis; *** indicates , ** and *
